Introduction
Tea is the most widely consumed beverage in the world after water [1] . Teas can be classified into many categories on the basis of how they are processed. Green tea is one of the major categories of teas and is subjected to many scientific and medical studies because of its health benefits such as lowering the risk of heart disease and certain types of cancer. The consumption of tea depends on its quality and flavor. Teas are flavored directly with flowers, herbs, spices, smoke, etc., or artificially to produce more specialized flavors. Tastes and flavors of teas are assessed by tea testers, but because of various mental states and individual variability, it is difficult to decide the exact taste and flavor. Therefore, it is important to set a precise method that can estimate the taste and flavor of the tea.
Several steps have already been taken on the classification of beverages using different methods by correlating them with their chemical composition. Bhattacharyya et al. classified black tea and correlated it with tea taster's marks using an electronic nose [2] . A novel iTongue was proposed by Bhondekar et al. for black tea discrimination [3] . Lvova et al. analyzed Korean green tea using a potentiometric electronic tongue microsystem [4] . Wang et al. proposed an electronic nose data classification approach based on the least square support vector machines for coffee [5] . Voltammetric [6] , potentiometric [4] , and electrochemical impedance [7] [8] [9] are the main analytical methods used for this purpose. The advantages of electrochemical impedance over the potentiometric and voltammetric techniques are its experimental simplicity and shorter response time [7] . Electrochemical impedance spectroscopy (EIS) is extensively used for the analysis and measurement of materials in terms of their electrical properties. In the study of food properties, Oliver et al. evaluated EIS prototypes [8] to select hams on the basis of meat quality, Bauchot et al. analyzed the change in impedance of kiwifruit during the ripening process [9] , Riul et al. used EIS as a principle detection method for wines for the classification by taste sensors [7] , and Chen et al. classified green tea varieties on the basis of refractive index using terahertz spectroscopy [10] . Recently no significant work has been proposed for the classification of green tea flavors using impedance modeling.
In this work, the basic role of impedance parameters in the classification of flavored green teas is proposed. It is demonstrated that the equivalent resistance of the material and the total impedance alone are not sufficient to characterize or classify flavored green teas. Electrochemical impedance spectroscopy was used to find the impedances of flavored teas. Impedance models were obtained for the different flavors of green teas separately, and then one appropriate model was selected as a reference for fitting the impedance data of all the flavors in the same model. This helped to obtain different values of impedance parameters for different green tea flavors. Principal component analysis (PCA) treats these parameters as features and helps to reduce the dimensionality of these parameters. Finally, classification was done and performance comparison was obtained for various techniques of SVM.
Methodology

Types of teas used
Twinings, a brand of green tea, was used in the experiment. It comes in many flavors, and in the experiment five flavors were used: pure green tea (without flavor), mint, lemon, jasmine, and Earl Grey, with the percentage of flavor in them being 0, 11, 10, 0.5, and 12.25, respectively.
Sample preparation
First 250 mL of distilled water was heated in a flask using a microwave oven for 2.5 min and the water temperature was set to 90
• C over a magnetic stirrer. The stirrer and the tea bag were inserted in the flask and it was stirred for 3 min. Then the tea infusion was cooled down to room temperature and filtered by using Whatman filter paper. Next 10 mL of a tea sample was piped out into a small beaker, and 5 beakers per sample were prepared. A total of 25 samples were prepared for further analysis. Figure 1 shows the experimental setup and data acquisition system in which a three-electrode system was used, with platinum, gold, and Ag/AgCl (1 M KCl) being the auxiliary, working, and reference electrodes, respectively. These electrodes were connected to a data acquisition system (EIS) and the impedance data were recorded.
Experimental setup and data acquisition
The optimum frequency range of 1 Hz to 100 kHz provided a good cross-sensitivity among the selected electrodes [3] . The effect of noise increased in the signal at higher frequencies, which can be seen in Figure 2 . The noise at 50 Hz can also be seen in Figure 2 , which was introduced because the frequency of power supply is 50 Hz in India; however, this noise was removed before the impedance modeling.
The recorded impedance data were saved in the form of a text file using Thales software with impedance spectroscopy in the impedance analysis unit. Five readings per sample were taken. The electrodes were then polished with alumina powder, washed with DI water, and the water was gently wiped with tissue paper. The same process was repeated for all 25 samples. A total of 125 text files with proper nomenclature were saved for further analysis. 
Impedance modeling
Impedance models can be assembled with the help of basic impedance elements. They can be connected in a specific way to make an equivalent circuit, which represents the electrical behavior of the system under test. Scientific software ZMan 2.0 was used in the search for an appropriate equivalent circuit model for the raw impedance data and the best fits of various models in a common predefined or user-defined model. ZMan 2.0 fits in the model parameters with the help of an equivalent circuit fitter (which employs the LevenbergMarquardt (LEVM) algorithm) that searches and compares the best-fit result to the raw data in graphical form.
The impedance data of a flavor were loaded in the ZMan's special search engine, which provided an equivalent circuit model and a dataset having the values of the parameters for different flavors, and different electrical models and dataset were obtained. Further model fitting was applied to a common model, which generates a combined dataset of impedance parameters for all flavors. The choice of a common model was from the most repeated models in all flavors that generated the least error during model fitting. The combined dataset had the values of various impedance parameters for 25 samples of each tea. 
Feature extraction and classification
The dataset contained the values of impedance parameters for all flavors of tea. These parameters were useful features that helped to classify the different tea flavors. These features were subjected to principal component analysis (PCA). PCA is a dimension reduction method that uses orthogonal transformation to convert a set of features of possibly correlated variables into a set of values of linearly uncorrelated variables. These linearly uncorrelated variables are known as principle component (PC). The maximum variations in the input information mapped by the first principal component (PC1) and the other principal components (PC2, PC3, and so on) are in descending order of variation in the input information. Further, principal components PC1
and PC2 of the features are used to classify the data using support vector machine (SVM), which is a supervised learning technique proposed by Vapnik [11] , to find a hyperplane that separates the n-dimensional data into two classes. Given a set of training examples, each marked as belonging to one of two categories, a SVM training algorithm builds a model that predicts whether a new example falls into one category or the other. SVM is primarily used for binary classification. However, it generally deals with more than two predictor variables, separating the points with nonlinear curves in cases where clusters cannot be separated. SVM performs the classification in the original input vector space, higher order polynomial space, and Gaussian function space for linear kernel, polynomial, and RBF kernels, respectively. Here we also performed a comparative study with various kernels such as linear, polynomial, and radial basis function (RBF) for the classification of flavors of green tea. Figure 3 is the obtained common impedance model of flavored green teas. An impedance model of a matter can be compared with physical and chemical processes taking place in it [12] . Here in the impedance model of tea, solution L S represents the series inductance because the current between electrodes produces a magnetic field. The sample's resistive property, represented by the series resistance R S (the potential difference between the electrodes and the sample), leads to movement of ions towards the surface of the electrodes, creating diffusion and forming a double layer capacitance C d among the electrodes. The behavior of the double layer, modeled by the constant phase element Q and R ct , represents the rate of reactions between the electrodes and the sample, which depends on the electrode material and the sample.
Results and discussion
The equivalent impedances of each element in the model are as follows: 
where 0 < Q a < 1. The total impedance of equivalent circuit Z T is
It can be observed from Table 1 that the value of Q a is approximately equal to 1 for all flavors, and so Q y can be treated as a capacitor and the unit of Q y is F. Ls can be neglected because the value of inductance is very low and puts the value of s = jω . Thus Z T can be written as
where C 1 = Q y and the range of ω is from 1 Hz to 100 kHz.
The total impedance Z T is calculated for each flavor of green tea, which is approximately equal to R s . Experimental results in Table 2 show that a good classification cannot be obtained on the basis of total impedance or resistance only. Visible separation between different tea flavors can be easily observed from the PCA plot given in Figure  4 . The predicted group ( 2) lies near the actual training group (•) of the same flavor when plotted after applying the PCA and SVM, leading to a good cross-verification of the classification. Experimental results in Table 3 show that when SVM performs the classification in the original input vector space (i.e. linear SVM), it provides 88.33% classification accuracy, which is the best result as compared with other SVM techniques. Careful observation of the confusion matrix plot for linear SVM in Figure 5 shows the jasmine and lemon flavors were misclassified as the mint flavor, whereas Earl Grey, pure green tea, and mint tea were clearly classified with 100% accuracy. The above results show that the impedance parameters are good features for the classification of flavored green teas. Linear SVM has an edge over other SVM techniques because of the lesser complexity and randomness in the data. Better classification accuracy could be obtained by removing the noise from the data, which is suggested for future research.
Conclusion
The impedance model of the flavored green teas was demonstrated, and the analogy between the impedance model and electrochemical processes taking place within the tea was discussed. The model was obtained with the help of raw data of impedances over a certain frequency range. For different flavors, different values of impedance parameters were obtained for the same model. These impedance parameters were treated as features for various SVM techniques. It was proved that flavors cannot be classified on the basis of total impedance only; other impedance parameters play important roles in the classification. Different SVM techniques were compared for the classification of flavored green teas, and the results indicated the best classification accuracy for linear SVM. This work can be extended for better classification accuracy, which can be achieved by removing the noise from the data. The experiment is of great importance because it provides a new way of classification on the basis of the impedance model. This research will also open more possibilities and interest in green tea.
